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Timing Is Everything

Time-Oriented Clinical Information Systems
YUVAL SHAHAR, MD, PhD, Stanford, California, and CARLO COMBI, PhD, Udine, Italy

Time is important in clinical information systems. Representing, maintaining, querying, and reason-
ing about time-oriented clinical data is a major theoretical and practical research area in medical in-
formatics. In this nonexhaustive overview, we present a brief synopsis of research efforts in designing
and developing time-oriented information systems in medicine. These efforts can be viewed from ei-
ther an application point of view, distinguishing between different clinical tasks (such as diagnosis ver-
sus therapy) and clinical areas (such as infectious diseases versus oncology), or a methodological point
of view, distinguishing between different theoretical approaches. We also explore the two primary
methodological and theoretical paths research has taken in the past decade: temporal reasoning and
temporal data maintenance. Both of these research areas include efforts to model time, temporal en-
tities, and temporal queries. Collaboration between the two areas is possible, through tasks such as
the abstraction of raw time-oriented clinical data into higher-level meaningful clinical concepts and
the management of different levels of temporal granularity. Such collaboration could provide a com-
mon ground and useful areas for future research and development. We conclude with our view of fu-
ture research directions.

(Shahar Y, Combi C. Timing is everything—time-oriented clinical information systems. West | Med 1998; 168:105-113)

It is almost inconceivable to represent and reason
about clinical data without a temporal dimension.
Clinical interventions must occur at one or more time
points (a tonsillectomy performed on January 23, 1992,
at 9:00 AM); contain certain facts such as laboratory
test results or a diagnosis; show duration of time peri-
ods (moderate anemia known at least from March 15,
1997, to August 19, 1997); and present temporal rela-

tionships (high fever occurring after mumps immuniza- .

tion). In medical information systems, the element of
time is instrumental in performing several functions:
representing information within a computer-based elec-
tronic medical-record system; querying medical
records; and reasoning about time-oriented clinical data
as part of various decision-support applications, such as
diagnosis, therapy, and the general browsing of elec-
tronic patient records. The proper performance of these
functions is equally important for health care profes-
sionals who need certain information about one or more
patient records for automated decision-support systems.
For instance, while treating a patient with an experi-
mental chemotherapy protocol, either a health care pro-
fessional or an intelligent therapy—support system may
need to know the number of episodes of bone marrow

toxicity, as well as the severity, length, and last occur-
rence of each episode.

It useful to distinguish between two research direc-
tions, which can be found in both the computer-science
and medical-informatics literature (Figure 1). Each
direction is distinct with respect to its focus and the
research communities pursuing it. Temporal reasoning
involves various inference tasks using time-oriented
clinical data, such as therapy planning and execution; it
has traditionally been linked with the artificial-intelli-
gence community. Temporal data maintenance, which
deals with the storage and retrieval of clinical data that
have heterogeneous temporal dimensions, is typically
associated with the (temporal) database community. A
theme common to both directions is the necessity for
temporal data modeling, without which clinical data can
be neither maintained nor reasoned with.

A wide variety of applications use the temporal
aspects of clinical data. Examples include the manage-
ment of time-oriented data stored in the medical
records of ambulatory or hospitalized patients,' the
prediction of future valiies of clinical data given past
trends,’ the abstraction of time-oriented clinical
data,!®!? and the knowledge-based support of health
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Figure 1.—This diagram illustrates the typical relationship of
time-oriented computational modules in a clinical decision-sup-
port system. DB=patient electronic database; TM=temporal
data-maintenance module; TR=temporal-reasoning module

care professionals’ decisions based on time-oriented
clinical data, such as diagnosis support, patient moni-
toring, or therapy planning.!>-!’

Studies of time-oriented applications have been per-
formed in multiple clinical areas: cardiology,’*!8:1°-2!
oncology.®'!5 psychiatry,?? internal medicine,'!!>?*
intensive care,’»'32*2?% cardiac surgery,?® orthopedics,'*
urology,?’” infectious diseases,® anesthesiology,®?* pedi-
atrics,?! and endocrinology.?® Various clinical tasks are
supported in an automated or semiautomated manner
by the software systems proposed in the literature:
diagnosis,'* therapy administration and monitor-
ing,'0?*25 protocol- and guideline-based therapy,®!!17
and patient management.'#2°

This article describes the main features characterizing
the medical-informatics research (most of which includes
implemented software systems at various stages of
deployment) that deals with time-oriented clinical sys-
tems. We describe the problems related to the modeling
of time-oriented clinical concepts; we then provide a
brief overview of the research in temporal reasoning in
medicine and discuss temporal maintenance in clinical
information systems. These tasks form a potential bridge
between the work on temporal data-maintenance systems
and the work on temporal reasoning systems—in partic-
ular, time-oriented clinical decision support systems.

Clinical databases and the modeling of
temporal concepts

A common focus of research regarding time-orient-
ed clinical data is the definition or adoption of a set of
basic concepts that describe the time-oriented clinical
world in a sound and unambiguous way. Within medical
informatics, this effort has progressed from an ad-hoc
definition of concepts supporting a particular applica-
tion to the adoption and proposal of more generic defi-
nitions, supporting different clinical applica-
tions 40:11.14-16263031 For example, early work in inter-
preting real-time quantitative data in the intensive-care
domain emphasized the problems of a module that sug-
gests the optimal ventilator therapy at a given time."> A
more recent framework,' however, uses a generic tem-
poral ontology (a set of terms and concepts and the rela-
tions between them) and a general, comprehensive
model of diagnostic reasoning.

Most clinical and research databases are currently
known as relational databases. In relational databases,
patient records are organized as a set of tables, where
each row of a table (also called a relation or tuple) rep-
resents a flat record (such as a patient’s identification, a
visit date, a laboratory test name, or a laboratory test
result). Queries are directed to the relational database
using a well-defined algebraic model that uses a small
amount of understood operations, such as, “select from
the VISITS file all tuples in which the value of the
VISIT-DATE field is between 10/1/96 and 9/31/97.”

An alternative database in use today is known as the
object database, in which important concepts—such as
patients, visits, and laboratory data—are modeled as a
hierarchy of independent objects with complex links
(interrelations). Such a system allows flexibility in mod-
eling and querying, but the semantics of the formal
query language used is often less clear.

Several related concepts involving time appear in the
medical-informatics literature. We distinguish between
two related issues: modeling the concept of time and
modeling the entities that have a temporal dimension.

Modeling time

There are three basic choices have to be made when
modeling time for the management of or reasoning
about time-oriented clinical data.

Time instants versus time intervals. The first choice
involves establishing the difference between time
instants (relating to instantaneous events such as a
myocardial infarction) and time intervals (relating to sit-
uations that are interval-based, or lasting for a span of
time). Both concepts have been used in the medical
informatics literature to represent time.*!!¢26 Care must
be taken in associating these concepts with clinical enti-
ties such as symptoms, therapies, and pathologies: a
myocardial infarction, for example, could be considered
either an instantaneous event, within the overall clinical
history of the patient, or an interval-based concept, if
observed, perhaps, during a stay in the ICU.

Another difference exists between the basic time
primitives, usually instants (time points), and the basic
time entities that can be associated with clinical con-
cepts.*%!! In defining basic time entities, time points are
often adopted. Intervals are then represented by their
upper and lower temporal bounds (start and end time
points). Most systems employed in medical informatics
applications use time points, rather than time intervals, as
the basic time primitives—an approach that originated
from research in artificial intelligence.’? Several varia-
tions exist. One approach inspired by the artificial-intel-
ligence area is to use a set of time stamps as the basic
time primitives, from which both time points and time
intervals can be constructed. Assertions, such as values
of clinical parameters or diagnoses, can only hold over
time intervals, which are defined as ordered pairs of time
stamps (time points are thus zero-length intervals).*

The first approach to associating time with clinical
entities therefore explicitly includes both instant-related
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and interval-related entities.”® The second approach asso-
ciates only clinical entities with a certain type of time con-
cept—usually an interval—dealing, in a homogeneous
way, with intervals that degenerate to a single instant. *5!!

Linear, branching, and circular times. Different prop-
erties can be associated with a time axis comprising
instants: in both general and clinically-oriented databas-
es, time is usually linear—that is, the set of time points
is completely ordered.*%'¢ For diagnosis, projection, or
forecasting (such as predicting a clinical evolution over
time), however, a branching time might be necessary.
This method has been found to be useful, for instance,
when describing potential outcomes in a pharmacoeco-
nomics clinical trial, and it has been implemented using
an object-oriented temporal model.3* Circular time is
used to describe recurrent events, such as “the adminis-
tration of regular insulin every morning”; it is useful, for
instance, when specifying procedural therapy guidelines
and their underlying intentions .3

Absolute and relative times. The position on the time
axis of an interval or of an instant can be given as an
absolute position, such as in calendaric time!®:11:2336
(“tachycardia on November 3, 1996”). This is a common
approach adopted by temporal clinical databases.
However, it also is common in medicine to use relative
time references, such as “angina after a long walk” or
“several episodes of headache during puberty.”
Incorporation of purely relative time-oriented, interval-
based information (especially with disjunctions, such as
“the patient had vomited before or during the episode of
diarrhea”) within a standard temporal database is still a
difficult task, as we will discuss in the section on tem-
poral granularity and uncertainty.

Modeling temporal entities

Two questions that have been investigated in some
depth in the medical informatics literature are, What are
the basic medical concepts that have temporal dimen-
sion? and, How should time-oriented clinical data be
modeled? In general, we find two approaches in model-
ing temporal entities in medical applications: addition of
a temporal dimension to existing objects, and creation of
task-specific, time-oriented entities.

The first approach, originating from research on data-
bases, adds one or more temporal dimensions to the
basic existing medical-record entities, such as lab tests
and clinical characterizations.% 3 Within this approach,
both instant- and interval-based information can be han-
dled homogeneously, using the concept of a temporal
assertion* A temporal dimension can also be added to a
relational database tuple, in a temporal extension of the
database relational model, to aid clinical databases used
for decision-support application.® In such approaches,
complex temporal features of clinical data can be ques-
tioned by suitable query languages.5*7 Indeed, one of the
first applications of databases to clinical domains,
explicitly addressing the time representation problem,
was the Time-Oriented Database model.! This model
has been adopted by the American Rheumatism

Association Medical Information System to manage
data related to the long-term clinical courses of patients
suffering from arthritis or, more generally, from
rheumatic pathologies.’® The Time-Oriented Database
uses a “cubic” vision of clinical data, meaning that val-
ues of patient visit data are indexed by three identifiers:
patient identification number, time (visit date), and clin-
ical-parameter type. Specialized time-oriented queries
enable researchers to extract, for particular patients, data
values that follow simple temporal patterns (such as an
increase of a given rate). Assigning a temporal dimen-
sion to the tuple level is common to many applications
of clinical databases.’

The second approach originates mostly from the area
of artificial intelligence in medicine. It focuses on model-
ing different temporal features of complex, task-specific
entities. The entities are defined by the needs of relevant
temporal-reasoning tasks. (see Section 3). Based on the
temporal entities that are stored at the database level, sev-
eral types of compound (abstract) entities are introduced.

For example, in the HyperLipid system—used in the
management of hypercholesterolemia'3—patient visits
were modeled as instant-based objects called events,
while drug administration was modeled as objects called
therapy, the attributes of which included a time interval.
Phases of therapy (inspired by the systematically mod-
eled clinical algorithm) were then introduced to model
groups of heterogeneous data related to both visits and
therapies. The events, therapies, and phases were then
connected through a network.

A more general and influential model than that of the
HyperLipid system is the temporal network model.*! In
the temporal-network model, a T-node (an object that
contains temporal information within a temporal net-
work) models task-specific temporal data, such as a
chemotherapy cycle, at different levels of abstraction.
Each T-node has a time interval, during which the infor-
mation represented by the T-node’s data is true for a
given patient. The M-HTP system, used to monitor heart-
transplant patients,” structures a patient’s clinical facts in
a temporal network. Through this network, a physician
can obtain various temporal views of the patient’s clini-
cal history. Each node of the temporal network represents
either an event (a patient visit) or a significant episode in
the patient’s clinical record. An event is time-point
based; its temporal location can be specified by an
absolute date or by the temporal distance to the trans-
plantation event. A significant episode occurs during an
interval, in which a predefined property (evaluated by
reasoning about several events) is true. In another system
used to represent skeletal dysplasias, the concepts of
findings, features, and events were introduced to distin-
guish various types of instantaneous and interval-based
information, either patient-specific or general.!4

Temporal Reasoning

Temporal reasoning has been used in medical
domains as part of a wide variety of generic tasks, such
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as projecting, forecasting, planning, interpreting, and
diagnosing —specifically in temporal abstraction and
monitoring. These tasks are often interdependent.
Projecting involves determining the likely consequences
of a set of conditions or actions, usually given as a set of
cause—effect relationships. Projecting is particularly rel-
evant to the planning task; it is used to determine, for
example, the subsequent state of a patient when a drug
with known side effects is administered. Forecasting
includes predicting future values for various parameters
given a vector of time-stamped past and present mea-
sured values. Planning consists of producing a sequence
of actions for a health care professional, given the initial
state of the patient, to achieve a goal state(s). The
actions taken are usually operators with predefined cer-
tain or possible effects on the environment, and, to be
possible or effective, they might require a set of enabling
preconditions. Achieving the goal state, as well as some
of the preconditions, might depend on correct projection
of the actions up to a point, in order to determine
whether the preconditions will hold when required.
Interpreting involves the abstraction of a set of time-ori-
ented patient data, either to an intermediate level of
meaningful temporal patterns—as is common in the
temporal abstraction task or the monitoring task—or to
the level of a definite diagnosis or set of diagnoses that
explain findings and symptoms, as is common in the
diagnosing task. Interpreting, unlike forecasting and
projecting, involves reasoning about past and present
data and not about the future.

From a methodological point of view, a criterion that
can be used when classifying temporal-reasoning
research that has been applied to clinical data is whether
it uses a deterministic or a probabilistic approach.
Deterministic approaches are based on either well-known
formalisms from the artificial-intelligence field or ad-hoc
rules or ontologies.'® Probabilistic approaches typically
are associated with the tasks of interpreting or forecast-
ing time-stamped clinical data whose values are affected
by different sources of uncertainty.” A promising recent
approach is the Dynamic Network Models methodology,
a synthesis of belief-network (Bayesian-network) and
classic time-series models. This methodology has been
applied with encouraging results to tasks such as predict-
ing the outcomes of critically ill intensive-care patients’
and episodes of apnea in sleep-apnea patients.?

A task that needs to be commonly performed is the
temporal abstraction task: a task that involves the
abstraction of high-level concepts (such as a pattern of
bone-marrow toxicity specific to a particular chemother-
apy-related context) from time-oriented clinical data
(such as a time-stamped series of chemotherapy-admin-
istration events and various hematological laboratory
tests).!0-11.14.26.31 Several solutions have been proposed to
the recurring problem of performance of the task. For
example, in the M-HTP system for monitoring heart
transplant patients?® the “white blood-cell [WBC]
count” measured during a visit occurs as an instanta-
neous event in the knowledge base, indexed by the visit

date; “WBC-count decrease” is an episode, spanning
several days, detected by the values of the WBC count.
Similarly, in a temporal-network model,>! T-nodes are
able to describe, at different levels of abstraction, data
related to a patient undergoing different chemotherapy
treatments. In both instances, a temporal
knowledge—based reasoner that uses what are known as
IF-THEN rules is applied to the system’s temporal
model of the patient.?®*! These systems are able to deal
with complex temporal conditions. A typical rule, for
example, is:'?

IF DURING last 10 days ARE PRESENT
low CMYV antigenemia OF TIME SPAN at least
7 days
AND
leukopenia OF TIME SPAN at least 5 days
AND
DURING last 15 days IS NOT PRESENT
CMV infection OF TIME SPAN at least 1 day
THEN CMV infection is highly suspected

An example of a diagnostic-support system is the
Skeletal Dysplasia Diagnosis (SDD) expert system and
its temporal reasoning framework.'* The SDD system is
designed to aid in diagnosing skeletal dysplasias and
syndromes. The temporal reasoner module in the SDD
system has a layered architecture and is able to accom-
modate findings and features, which, in turn, provides
the user with higher-level representations of findings
and dysplasia expectations for the patient.

A common, highly useful task that involves some
amount of abstraction and a certain amount of forecast-
ing, is the validation of time-oriented clinical data. This
task typically requires both deterministic and probabilis-
tic techniques, and possibly includes the suggestion of
specific repairs to the data. Recent work? proposes sev-
eral useful methods for validating and repairing high-
frequency time-oriented clinical data; these methods
have been applied to the neonatal intensive care area—
specifically to artificial-ventilation.

Maintenance of Time-Oriented Clinical Data —
Temporal Databases

Regarding the task of managing time-oriented clinical
data, we observe that the literature has progressed from
the early systems, which were mostly application depen-
dent, to recent, more general approaches, which, even
when applied to the solution of real problems in manage-
ment of time-oriented clinical data, have a more general-
ized value and inherent soundness.'?#629373%41 At first,
systems that were designed to manage temporal clinical
data were based on the flat relational-database model.'*
These systems were based on time-stamping the database
tuples: the date of the visit was added to the specific
attribute values. Later work®! has proposed the use of a
specific temporal-query language for clinical data that are
structured by a temporal-network model. Although that
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Figure 2.—This continuum shows a variable time interval.
Variable intervals are composed of a certain body, during which
the relevant property is sure to hold, and of uncertain start and
end points, represented as intervals of uncertainty.

language was patient oriented and not based on a generic
data model, it was one of the first proposals for an exten-
sion of query languages that would enable the system to
retrieve complex temporal properties of stored data.
Because most query languages and data models used for
clinical data management were application-dependent,
developers had to provide ad-hoc facilities for querying
and manipulating specific temporal aspects of data.’!

Recent work on temporal clinical databases presents a
more general approach. Extensions of common data mod-
els, particularly of relational models, are also based on the
general database field literature, which has given special
attention to temporal databases in the past few years. One
issue that has been explored in depth concerned what
kinds of temporal dimensions must be supported by the
temporal database. Three different temporal dimensions
have been distinguished.*> The first is the transaction
time, that is, the time at which data are stored in the data-
base: for example, the time in which the assertion “WBC
count is 7600” was entered into the patient’s medical
record. The second dimension is the valid time, the time
at which the data are true for the modeled real world enti-
ty: for example, the time in which the WBC-count was, in
fact, 7600. The third dimension is the user-defined time,
the meaning of which is related to the application and is
thus defined by the user: for example, the time in which
the WBC count was determined in the laboratory.

Using this temporal-dimension taxonomy, four kinds
of databases can be defined: snapshot databases, based on
flat, timeless data models; rollback databases, which
explicitly represent only the transaction time (such as a
series of updates to the patient’s current address stamped
by the time in which each modification was recorded);
historical databases, which explicitly represent only the
valid time (for instance, the most current knowledge
about the WBC value on 1/12/97, allowing future updates
referring to data on 1/12/97 but keeping no record of the
updates themselves); and what are now called bitemporal
databases, which explicitly represent both transaction
time and valid time, making them both historical and roll-
back. Thus, in a bitemporal database we can explicitly
represent that, on January 17, 1997 (transaction time), the
physician entered in the patient’s record the fact that on
January 12, 1997 (valid time), the patient had an allergic
reaction to a sulpha-type drug. There are many advan-
tages to the use of bitemporal databases in medical infor-
mation systems, including the ability to answer both
research-related and legal questions such as, “When
another physician prescribed sulpha on January 14, 1997,

did she know at that time that the patient had an allergic
reaction to sulpha on a previous date?”

In medical informatics, attention has been paid most-
ly to historical databases, which emphasize valid time
and extend relational or object-oriented models 5374048
For example, researchers have defined four different
types of relational tuples—event, start, body, and stop—
to specify, respectively, instantaneous facts and three
aspects of uncertainty about interval-based facts: uncer-
tainty about the start time of the fact, the end time of the
fact, and a certain period of time in which the fact exist-
ed.® The resulting time interval is often called a variable
time interval ®® and the uncertainty regarding the start or
the end of that interval is sometimes referred to as the
interval of uncertainty® (Figure 2). The framework can
be completed by an extension of the relational-database
algebraic formula to manage temporal information and
temporal relational operations.®

A goal of the interval of uncertainty representation is
to facilitate the handling of temporal uncertainty and, in
particular, the management of data represented at vari-
able levels of temporal granularity, a task that we discuss
further below. :

Other researchers®” have extended an object-oriented
data model and its related query language to deal with tem-
poral clinical data, taking into account different and mixed
temporal granularities. Recent work has adapted an exist-
ing object database model to the management of time-ori-
ented data and applied it to the modeling of pharmacoeco-
nomic clinical trials.> The broad set of types supported by
the adopted object data model enables a modeling of
branching timelines; these correspond, for instance, to the
evaluation of different pharmacological treatments.

Temporal Abstraction and Management of
Temporal Granularity

Two commonly recurring and closely related tasks in
both the temporal-reasoning and the temporal
data—maintenance research areas are the temporal-
abstraction task and the management of variable tempo-
ral granularity, both of which are discussed above. Since
these tasks are relevant to both research communities,
they might be viewed as a potential bridge between them
(other bridges include fundamental issues, such as the
time model, also mentioned above). The two tasks have
been investigated in the fields of both medical informat-
ics and general computer-science.

Temporal abstraction provides a more powerful, con-
cise, and integrated description of a collection of time-
stamped raw data (Figure 3). The term “temporal
abstraction,” however, is somewhat misleading, because
it is the time-oriented data, and not the time itself, that
are being abstracted. In the medical-informatics field,
temporal abstraction plays a central role in supplying
health care professionals with data at a level suitable for
decision-making support. Temporal abstraction in gen-
eral, and in medicine in particular, has been heavily
investigated in recent years.!0-1221.26.33
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Figure 3.—An example of temporal abstraction in the domain of bone-marrow transplantation. The figure presents context-sensitive
abstractions of platelet and granulocyte values into bone-marrow toxicity intervals during administration of the prednisone/azathio-
prine (PAZ) protocol for treating patients who have chronic graft-versus-host disease following a bone-marrow transplantation (BMT)
event. e = platelet counts; A = granulocyte counts; — — — = event; —— = abstraction interval; M[n] = myelotoxicity (bone-mar-

row-toxicity) grade n, as defined in the context of PAZ therapy.

Management of variable temporal granularity deals
with an abstraction of the time primitives themselves; it
concerns the level of abstraction or the time unit (such as
a day or a month) at which the time element (instant,
interval, and so on) associated with the relevant data is
represented. Using this definition, we observe that the
tasks of temporal abstraction and the management of
variable temporal granularities are interconnected.
When reasoning about various temporal-granularity lev-
els, emphasis is placed on abstracting the representation
of the time component of a time-oriented assertion.
When performing a temporal-abstraction task, however,
empbhasis is placed on the abstraction of the time-orient-
ed entity itself.

There are three main types of temporal granularity:*

Abstraction granularity. This granularity-manage-
ment aspect is not directly related to the time axis.
Abstraction granularity refers to the ability to express
complex and composite temporal concepts: “An anemia
level that is increasing during a period of three months.”

Absolute-time granularity. This is the ability to
express the temporal dimension of the data by mixing
and using different absolute time references. Absolute-
time granularity refers to the uncertainty in specifying a
temporal dimension or to the use of different time-units:
“The vomiting episode began somewhere within the
time interval starting on January 21, at 15:23, and end-
ing on January 21, at 16:34.”

Calendar-date granularity. This is the capacity for
expressing the temporal dimension through the use of
multiple time units, such as years, months, and days:
“The diarrhea started during February 1997.”

Abstraction granularity

Medical decision-support systems often do not asso-
ciate the granularity of time with calendar time. Rather,
the temporal granularity level is affected by the abstrac-
tion needed by the relevant clinical problem.!4263143

Many representations of temporal data at high
abstraction levels in medical expert systems were
inspired by Allen’s interval-based logic.>? The temporal-
network model aimed to extend the Time Oriented
Database model by defining suitable persistent objects.?!
As we point out above, a temporal network is composed
of T-nodes, each of which represents a time interval dur-
ing which a clinical event occurred. The starting and
ending time instants identify the time interval. Clinical
events are organized within a hierarchical structure that
corresponds to a model of significant clinical contexts.
In an extension of the temporal-network model, each T-
node is associated with rules that lead to new conclu-
sions regarding the clinical data.>!

Recently, a general framework has been proposed for
the abstraction of time-stamped and, particularly, clini-
cal data. It is known as the Knowledge-Based Temporal
Abstraction (KBTA) method.!"3* The KBTA framework
includes a theoretical model for time and propositions
that hold over time; a general inference method; and five
specific computational temporal abstraction mecha-
nisms that solve five subtasks, into which the method
decomposes the temporal-abstraction task. The output of
these mechanisms includes abstractions of fype, state,
gradient, rate, and pattern. The five mechanisms require
four well-defined types of domain-specific knowledge,
the nature of which does not depend respectively on any
specific clinical domain but can be specialized for any
particular clinical area.*® The KBTA method had been
implemented by the RESUME temporal-abstraction sys-
tem!® and has been evaluated within several clinical
domains, such as oncology, to treat patients who have
AIDS, to monitor children’s growth, and to manage
insulin-dependent diabetes.!! As temporal primitives,
the RESUME system uses time stamps at various prede-
fined levels of granularity, typically offset from a clini-
cally relevant time stamp, such as the time of bone-mar-
row transplantation, the beginning date of chemothera-
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Figure 4.—The Tzolkin temporal-mediation architecture. The
Tzolkin mediator enables care providers and decision-support
systems to query patient records for complex temporal patterns,
possibly involving high-level clinical abstractions. DB=patient
electronic database; TM=temporal data-maintenance module;
TR=temporal-reasoning module.

py, or the patient’s date of birth of the patient (to moni-
tor children’s growth). Input data or output abstractions
can occur, however, only during time intervals, which
are defined as ordered pairs of time stamps. Highly com-
plex patterns can be described and computed, but the set
of granularity levels (and therefore the implied temporal
uncertainty) is limited to a predefined one that includes
minutes, hours, etc.

Absolute-time granularity

The necessity to occasionally provide absolute-time
granularity—the capability to refer to the time-axis in
multiple ways, not only through different time units—
has been addressed by several recent works in medical
informatics.*%2?° Two different issues must be addressed
when providing absolute-time granularity. The first is
the representation of uncertainty regarding the location
on the time axis of relevant time points or time inter-
vals.* The second is the use of time units or references
that include not only those associated with the
Gregorian calendar, but also ones that are domain-spe-
cific (such as the terms weeks from conception, fetal
period, and infancy).*61635

One extension to the relational database model that
is useful for clinical decision-support applications is
the interval of uncertainty (Figure 2).% Thus, repre-
senting a relational database entity that is valid during
an interval with indeterminate start and stop instants
involves representing explicitly the uncertain start
interval, the certain body interval, and the uncertain
end interval. Other researchers* 37 have described a
data model using two different formalisms, both based
on an object-oriented approach, that is able to repre-
sent intervals and time points given at different and
mixed absolute time—granularity, such as the interval
referred to in the sentence, “An atrial fibrillation
episode occurred on December 14, 1995, and lasted
for three minutes.”

Calendar-date granularity

Medical applications require systems that are able to
represent and manage different time units.® Calendar-
date temporal granularity is a common one and has been
widely studied in the temporal database community.*

Conclusions and Future Directions

The temporal-abstraction task and the management of
temporal granularity seem to be meeting points between
research efforts concerning temporal-reasoning systems
and temporal-maintenance systems. An appropriate time
model is needed, however, to accomplish each task.
Thus, several research issues, most of which are also rel-
evant to general computer science, will be important for
the next generation of time-oriented systems in medicine.
We mention here only the research avenues that are like-
ly to be most relevant to clinical practice.

1. Merging the functions of temporal reasoning and
temporal maintenance. By combining these two func-
tions within one architecture, sometimes called a tempo-
ral mediator, a transparent interface can be added to the
patient’s database. An example of ongoing research is
the Tzolkin temporal-mediation module,* which is
being developed within the EON guideline-based thera-
py system."” The Tzolkin module combines the
RESUME temporal-abstraction system,' the Chronus
temporal-maintenance system,® and a controller into a
unified temporal-mediation server (Figure 4). The
Tzolkin server answers complex temporal queries of
health care professionals or clinical decision-support
applications, hiding the internal division of computa-
tional tasks from the user (or from the clinical decision-
support application, which also does not need to have
the precise details of the Tzolkin architecture).

2. Maintenance of both clinical raw data and its
abstractions. Several recent systems allow not only the
modeling of complex clinical concepts, but also the main-
tenance of certain inference operations at the database
level. For example, active databases can store and query
data that are obtained by the execution of rules triggered
by external events, such as the insertion of patient-related
data.*® Furthermore, integrity constraints based on tempo-
ral reasoning?® could be evaluated at the database level,
for example, to validate data during their acquisition.

3. Management of different temporal dimensions of
clinical data. Typically, only the valid time, in which the
clinical data or conclusions were true, has been consid-
ered in medical-informatics research. Also storing the
transaction time, in which the data were inserted into the
patient’s record, has multiple benefits, such as being able
to restore the state of the database that was true (or what
was known) when the physician or a decision-support
system decided on a particular therapeutic action. The
ability to do so has significance both for explanation and
legal purposes. Another temporal dimension of informa-
tion recently considered is the decision time.*’ The deci-
sion time of a therapy, for example, could be different
from both the valid time, during which the therapy is
administered, and the transaction time, at which the data
related to the therapy are inserted into the database.

4. Provision of standardized, user-friendly temporal-
query and temporal-visualization interfaces. Physicians
and other health care professionals are not database
experts and should not be expected to be familiar with the
internal workings of either a temporal-reasoning or a tem-
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poral-maintenance system—or with their theoretical
underpinnings. Thus, there is a challenge to provide them
with easy-to-use, perhaps even graphic, temporal-query
interfaces that enable them to take advantage of the sophis-
ticated architectures that are being built on top of the clin-
ical, time-oriented electronic patient records.*®* Many
queries might be unnecessary if useful visualization inter-
faces exist. The semantics of these interfaces, such as
deciding automatically which abstraction level of the same
set of parameters to show and at what temporal granulari-
ty, might draw on the domain-specific knowledge base. An
early example was a framework for visualization of
time-oriented clinical data,”® which defined a small but
powerful set of domain-independent graphic operators
with well-defined semantics, and a domain-specific rep-
resentation of reasonable temporal granularities for a
presentation of various entities in the specific clinical
domain. More sophisticated interfaces might be built by
taking advantage of, for instance, formally represented
knowledge about time-oriented properties of clinical data
in specific clinical areas." Indeed, this approach is being
taken by the developers of the KNAVE architecture.”’
Using such frameworks, we can build powerful graphical
interfaces for visualization of and navigation through mul-
tiple levels of abstraction of time-oriented clinical data.
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